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Abstract— In this paper, we exploit the concept of data
fusion in UWB (Ultra Wide Band) localization systems by using
different location-dependent observables. We combine ToA (Time
of Arrival) and RSS (Received Signal Strength) in order to get
accurate positioning algorithms. We assume that RSS observables
are usually available and we study the effect of adding ToA
observables on the positioning accuracy. The proposed archi-
tecture of Hybrid Data Fusion (HDF) is based on two stages:
Ranging using RSS and ToA; and Estimation of position by the
fusion of estimated ranges. In the ﬁrst stage, we propose a new
estimator of ranges from RSS observables assuming a path loss
model. In the second stage, a new ML estimator is developed
to merge different ranges with different variances. In order to
evaluate these algorithms, simulations are carried out in a generic
indoor environment and Cramer Rao Lower Bounds (CRLB) are
investigated. Those algorithms show enhanced positioning results
at reasonable noise levels.
Index Terms—Localization, RSS, ToA, Ranging, Weighted
least square, Maximum Likelihood, Hybrid Data Fusion, UWB,
Path Loss, Log Normal Shadowing, Cramer Rao Bound, GDOP.
I. INTRODUCTION
Nowadays, Location Based Services (LBSs) are more
and more required by people and industries. Security is
the main motivation for civilian mobile position location
whose implementation is mandatory for the emergency
calls. Besides security, the second leading application for
wireless localization is intelligent transportation systems
(ITSs). Personal tracking, navigation assistance and position-
dependent billing are also new LBSs in expansion [1].
Furthermore, the location information is not only valuable
for itself to provide new services but also to improve cellular
communication systems at various levels. This is the scope
of the FP7 WHERE project [2].
Positioning information can be, historically, obtained by
trilateration and triangulation like in GPS [3] or roughly
by getting the identity of the cell in a cellular networks.
Many algorithms have been proposed to estimate the position
of mobile station (MS) using simple location-depending
observables (ToA, TDoA or RSS) as shown in [4], [5].
Nevertheless, these techniques cannot be used in the whole
set of situations, especially when an observable is missing
and cannot be readily obtained.
Thus, combining different location-dependent observables
may achieve a better accuracy and simplify positioning system
especially by reducing implementation complexity and/or
communication overhead. In the case of indoor situations,
MS positioning can be based upon a short range radio access
technology as UWB. The question hereafter addressed is how
the MS or/and the network has to choose the appropriate
combination of observables in order to achieve a required
positioning accuracy.
In the context of UWB networks, ranging achieves good
precision on ToA because of the used bandwidth which
should be beyond 500 MHz as deﬁned by FCC [6]. In
general, the observed ToA or TDoA error can be drastically
reduced as the bandwidth increases beyond a certain value
[7]. Moreover, RSS of each discovered node in the MS
neighborhood is supposed to be always available. By default,
position estimation based on RSS only can be continously
performed but it can be very inaccurate. These properties
motivate the choice of combining ToA with RSS to get
enhanced positioning estimators.
In our assumed scenario, the MS is trying to continously
obtain its position with the associated accuracy. The goal
being the MS always adapts the measurements (type and
number of added ToA) in order to perform positioning with
the required accuracy. In order to minimize the consumption
of ressources, the network seeks to ﬁnd what type and how
much of observables are accessible in a given context in
order to achieve positioning. Thus, the chosen approach of
this paper is to study the effect of adding ToA observables
on the performances of positioning comparing with RSS only
based positioning.
The rest of the paper is organized as follow. RSS-based
ranging assuming a Log Normal Shadowing model and
ToA-based ranging techniques are presented in section II.
The algorithm based on the fusion of RSS with ToA is
developed in section III. The formulation of the Cramer
Rao Lower Bound (CRLB) is investigated in section IV.
The performances of each algorithm are shown in section V.
Finally, our concluding remarks are given in section VI.
In order to simplify the lecture of this paper, a list of
abbreviations and symbols that are used in the paper is given
in Table I.
II. RSS-BASED RANGING VS TOA-BASED RANGING
In this section, ToA-based and RSS-based ranging tech-
niques are investigated. Assuming a Log Normal Shadowing
model for path loss, a new ML estimator of ranges from RSS
observables is proposed and described.
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AN Anchor Node
LS Least Square
ML Maximum Likelihood
MS Mobile Station
RSS Received Signal Strength
d Distance between transmitter and receiver (m)
d0 Reference distance generally equal to 1 meter
L Pathloss at distance d (dB)
L0 Pathloss at distance d0 (dB)
np Pathloss exponent
λ Wavelength (m)
σsh Standard Deviation of shadowing (dB)
x = (x, y) Coordinates of the MS
xk = (xk, yk) Coordinates of the kth AN
l Length of the simulated area
NTrial Number of Trials in Monte Carlo simulations
TABLE I: List of different used abbreviations and symbols.
A. ToA-based ranging
ToA-based ranging techniques are usually based on the
estimate of the distance between transmitter and receiver from
the ToA under the radio Line of Sight (LOS) assumption. To
obtain this distance, many techniques are proposed such as
One Way Ranging (OWR) shown in Fig. 1 and Two Way
Ranging (TWR) shown in Fig. 2 where Tof is the Time of
ﬂight between the two sides of radio link and Dof is the
associated Distance [8]. In [9], Power Delay Proﬁle PDF) is
also used in order to estimate ToA in Line of Sight (LoS)
conditions. Nevertheless, ToA ranging is affected by relative
clock drift between link sides, clock accuracy, the path loss
model precision, and radio propagation phenomena such as
shadowing, multipaths and non LoS conditions. [10].
Fig. 1: ToA One Way Ranging
Fig. 2: ToA Two Way Ranging
B. RSS-based ranging
The simple analysis often used in coexistence studies limits
the propagation characteristics to the large scale variation of
the signal at given distances (pathloss). In mathematical terms,
the mean received power L¯ (around which there will still be
shadowing and multipath) varies with distance following an
exponential law. The total pathloss L¯ at a distance d is often
modelled as [11]:
L¯ = L0 + 10np log(
d
d0
) (1)
d0, d, np and L0 are deﬁned in Table I. L0 is given by:
L0 = 20 log(
4πd0
λ
) (2)
The measured loss varies about this mean according to a
zero-mean Gaussian random variable, Xσsh , with standard
deviation σsh. Shadowing is caused by obstacles between the
transmitter and receiver that attenuate signal power through
absorption, reﬂection, scattering, and diffraction. The complete
path loss equation expressed in dB is then given by:
L = L0 + 10np log(
d
d0
) + Xσsh (3)
This model can be used for both indoor and outdoor
environments. For each environment or/and radio link, a char-
acteristic value of each parameter, np and σsh, is used. These
values can be determined by calibration via measurement
compaigns. Furthermore, the frequency and the bandwidth
affect these parameters. The most common values of np are
shown in Table II for different types of environments.
Type of environment Path loss exponent np
Free Space 2
Urban area cellular radio 2.7 to 3.5
Shadowed urban cellular radio 3 to 5
In building LOS 1.6 to 1.8
Obstructed in building 4 to 6
Obstructed in factory 2 to 3
TABLE II: Path Loss Exponent for different environments [6].
Let’s consider the log normal shadowing described by the
equation (3) as the used path loss model where we assume
that the shadowing term Xσsh is a zero-mean Gaussian r.v :
Xσsh ∼ N (0, σ2sh) (4)
From (3) and (4) we derive the fact that the distance d follows
a Log-Normal distribution :
pd(d, L) =
1√
2πdS
e
−(ln d−M)2
2S2 (5)
where
S =
σsh ln 10
10np
(6)
M =
(L− L0) ln 10
10np
+ ln d0 (7)
As d follows a Log-Normal distribution, the mean, median
and mode estimators of distance d are given respectively by
[12]:
dˆLS = eM+
S2
2 (8)
dˆmedian = eM (9)
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dˆML = eM−S
2
(10)
From equations (8) to (10), one can notice that the only
estimator that does not require the knowledge of shadowing,
given by the term S, is the median estimator. Thus, this estima-
tor may be practical when no information about shadowing is
available. Once the MS get this knowledge, the best estimator
will be the mode which is the ML estimator. The mean
estimator is not obviously a good choice as it overestimates
the distance, and it is very inaccurate especially for strong
values of S.
The knowledge of the associated variance of each estimator
may enhance its performances. Theses variances must be
included in each estimator of position in order to enhance
the positioning accuracy. Thus, we derived for each estimator
given by (8), (9) and (10) its variance. The expressions of
these estimated variances are, respectively, given by:
σˆ2LS = dˆ
2
LSe
2S2(eS
2 − 1) = e2M+3S2(eS2 − 1) (11)
σˆ2median = dˆ
2
mediane
S2(eS
2 − 1) = e2M+S2(eS2 − 1) (12)
σˆ2ML = dˆ
2
ML(1− e−S
2
) = e2M−2S
2
(1− e−S2) (13)
One can remark that:
σˆ2LS > σˆ
2
median > σˆ
2
ML (14)
This property expresses the fact that the mode estimator
is the best estimator of ranges from RSS observables. These
variances can be advantageously exploited to improve the
accuracy of RSS based positionning approach by providing
a quantiﬁcation of each estimated range reliability.
III. PROPOSED NEW SCHEME OF HYBRID DATA FUSION
OF RSS AND TOA
The proposed system architecture is deﬁned by a set of
wireless nodes and one targeted MS to be positioned in a given
indoor environment. The K wireless nodes (ANk)k=1...K
are placed in a squared room (15 × 15m2). These wireless
nodes are assumed to be either anchor nodes or neighbor
MSs able to compute their positions. In both cases, the node
position is associated with a given level of precision. In this
paper, this source of inaccuracy is neglected compared to
the inaccuracy coming from observables. Thus, we suppose
that all the nodes positions are well known with high precision.
The targeted MS for which the position estimation will
be performed is assumed to be connected to the K nodes.
We consider that the link between MS and nodes is modeled
according to the IEEE 802.15.4a standard with capability
of ranging. All observables are coming from UWB Radio
Access Network (RAN). Using this RAN, the MS is assumed
to be able to get different types of observables (i.e RSS and
ToA). As the RSS observables are usually accessible, we
analyze the performances of K-RSS/m-ToA based estimators
using all the RSSs measured from the K nodes and m
ToAs where m varies in (0,.., K). We increase gradually the
number of used ToAs in order to evaluate the contribution of
these observables on positioning accuracy.
We consider the problem of estimating the unknown po-
sition x of the MS, exploiting the ranges obtained through
RSS-based or ToA-based ranging procedures as described in
section II with a set of K anchor nodes xk. The output of
ranging procedures is a set of ranges with their associated
variances. We distinguish the following notations:
• true distance : dk = ‖xk − x‖
• estimated range : rk
• variance of estimated range : σ2rk
The ranges rk are here supposed to be independent. If
the true positions [x1, . . . , xK ] of anchor nodes are perfectly
known, we have the classical result that ML estimator is
equivalent to the following minimization problem:
xˆ = min
x
K+m∑
k=1
(rk − dk(x))2
σ2rk
(15)
Let F be:
F =
K+m∑
k=1
(rk − dk(x))2
σ2rk
(16)
It can be readily shown that the ML estimator follows then
the following implicit relation:
∇F =
K+m∑
k=1
1
σ2rk
(rk − ‖xk − xˆ‖)
‖xk − xˆ‖ (xk − xˆ) = 0 (17)
Fig. 3 shows the proposed architecture of Hybrid Data
Fusion (HDF) of RSS with ToA.
Fig. 3: Proposed architecure of HDF of RSS with ToA
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IV. CRAMER RAO BOUND OF PROPOSED NEW ESTIMATOR
In this section, the mathematical formulation of the Cramer
Rao Bound is presented. To proceed, let J(xˆ) deﬁnes the Fisher
Information Matrix (FIM) for xˆ. J(xˆ) is given by:
J(xˆ) = E(∇F∇FT ) (18)
where ∇F is given by the equation (17).
Let deﬁne the unit vectors between the estimated position
xˆ and each known position of anchor nodes xk as:
x̂xk =
xk − xˆ
‖xk − xˆ‖ (19)
Thus, assuming an independence between the estimated
ranges, J(xˆ) becomes:
J(xˆ) = E
[
K+m∑
k=1
1
σ4rk
(rk − ‖xk − xˆ‖)2x̂xkx̂xTk
]
(20)
J(xˆ) =
K+m∑
k=1
x̂xkx̂x
T
k
σ2rk
(21)
The CRLB of xˆ is deﬁned by cov(xˆ) ≥ J(xˆ)−1. Hence, the
CRLB on the variance of the ToA/RSS location estimation is:
σ2CRLB = min(tr(cov(xˆ))) = tr(J(xˆ)
−1) (22)
Developping (22) leads to this expression of σ2CRLB:
σ2CRLB =
∑K+m
i=1
1
σ2ri∑K+m
i=1
∑K
j =i
(
(x− xi)2(y − yj)2
σ2riσ
2
rj‖xi − xˆ‖2‖xj − xˆ‖2
)
(23)
V. SIMULATION RESULTS AND DISCUSSIONS
In this section, we evaluate the performances of the pro-
posed HDF scheme described in section II and III through
Monte Carlo simulations. Two criteria are chosen to perform
the evaluation: Positioning error and CRLB.
A. Positioning error
The different steps of the simulation are the following:
1) K random ANs and one targeted MS are uniformly
drawn in an area of l × l m2.
2) Different path losses (L − L0) are computed for each
link k between the MS and the kth AN. For each link,
log normal shadowing model is applied with randomly
drawn values of np, λ and σsh. Table III shows the
parameters used in simulations.
3) A Gaussian random range is drawn centred on the true
distance between the MS and respectively m ANs where
m varies in (0,.., K). The values of the variance of ToA,
σ2T , are also drawn randomly and are given in Table III.
m is increased gradually to show the effect of ToAs on
positioning accuracy.
Parameters Values in Indoor
np 1.6 to 1.8
λ (m) 0.12
σsh (dB) 2 to 5
σT (ns) 0 to 6.67
l (m) 15
TABLE III: List of radio parameters used in simulations for indoor
scenario.
4) All simulations have been done with a number of trials
equal to NTrial = 1000.
np, σsh and σT are choosen randomly different from one
link to other in order to better simulate the behaviour of radio
propagation channel. In fact, in a real radio channel these
parameters depend on many factors like visibility between the
transmitter and the receiver, number and type of materials,
used frequencies and many other factors [6].
In Fig. 4, the cumulative density functions of three different
estimators are plotted. In this ﬁgure, we assume that only
RSS observables are available (i.e m = 0). Ranges are
then obtained by either mean, median or mode estimators
described in section II. The proposed estimator (17) is then
applied on these ranges in order to estimate position. This
ﬁgure shows that the performances of the new proposed
estimator depend on the used estimator of ranges from
RSSs. The mode estimator performs better than median and
mean estimators. In the rest of this section, performances
are evaluated assuming the mode estimator of ranges from
RSS observables. In Fig. 5, the new proposed estimator
(17) is compared to typical weighted LS estimator based
on trilateration and the linearization of at least three circle
equations in 2D space [13]. The ﬁgure shows how much the
proposed estimator performs better than the weighted LS
estimator. Comparing to the typical weighted LS position
estimator, the proposed new estimator merges smartly the
different observables with different associated variances,
and overcomes positioning error caused by the stage of
linearization [14].
In Fig. 6, the effect of additional ToAs on the positioning
accuracy is shown. In UWB networks, ToA ranging is gener-
ally very accurate. Thus, adding more accurate ToAs enhances
the positioning accuracy. The ﬁgure conﬁrms this remark.
Indeed, the cumulative density is as better as the number
of additional ToAs is greater. Nevertheless, the ﬁgure shows
that adding ToAs can deteriorate the performances comparing
to RSS based positioning. The reasons of this deterioration
may be either the bad precision of measured ToA or the
high Geometric Dilution of Precision (GDoP) [15]. In fact,
the GDoP is frequently thought of as a number signifying
the effect of anchor nodes geometry on computed position
[16]. These observations motivate the necessity of deﬁning a
criterion for choosing the best placed nodes with which the
MS should carry out a ToA based ranging. We believe that this
criterion will depend on the conﬁguration of the nodes and
the precision of ranges. We suggest the Cramer Rao Lower
Bound as a good criterion to choose the adequate number,
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type and position of measurements for a given scenario. In
the next subsection, its properties which motivate our choice
are described based on the results of simulations.
B. Cramer Rao Lower Bound
The Cramer Rao Lower Bound (CRLB) sets a lower
bound of any unbiased estimator. This can be very useful in
localization algorithms. The CRLB can provide a benchmark
against which we can compare the performance of any
unbiased estimator [15].
Simulations are done respecting these rules:
1) Four anchor nodes are ﬁrst placed in the corners of an
(l × l) area.
2) For each point in the (l× l) area, we compute the CRLB
for different scenarios (4 RSSs + m ToAs).
3) Used radio parameters are given in Table IV.
Parameters Used values
np 1.7
λ (m) 0.12
σsh (dB) 2
σT (ns) 3.33
l (m) 15
TABLE IV: List of radio parameters used in CRLB simulations for
indoor scenario.
The ﬁgures from Fig. 7 to Fig. 12 plot the CRLB over
the (l × l) area. These ﬁgures conﬁrm the results shown
in Fig. 6 that additional ToAs enhance the positioning
accuracy. In particular, comparison between Fig. 7 and Fig.
12 reveals that the fusion of RSS and ToA mitigates the
difﬁculties of locating devices in the proximity of the anchor
nodes. This result is also obtained by Catovic in [17] even
when considering relative positioning (i.e assuming the
interdistances between anchor nodes are known).
Moreover, these ﬁgures show that the choice of the number
of additional ToAs may affect the positioning accuracy. In Fig.
8 and Fig. 9, the same number of additional ToAs (m = 1) is
used but with different positions of associated anchor nodes.
The comparison between these two ﬁgures reveals that the
values of CRLB, in each point of the area, are different even
when the same number of additional ToAs is used. Thus,
the conﬁguration of involved anchor nodes in the ToA based
ranging can enhance or deteriorate the accuracy on a given
MS location. This can be very useful in the case of on-demand
location based services where the user seeks the service with
the satisfying accuracy. The number and associated position
of additional ToAs may deﬁne the requested level of accuracy.
Fig. 13 shows the average CRLB for different schemes of
RSS/ToA positioning over the entire area for varying sizes
of the area. This ﬁgure reveals that, despite the given global
enhancement, additional ToAs reduce the effect of the area
size on the positioning accuracy. Indeed, the average CRLB
of 4RSS/3ToA and 4RSS/4ToA are almost quasi-independent
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of the size of the area.
In conclusion, the Cramer Rao Lower Bound presents a
good criterion to choose the best number, type, and associated
positions of observables in order to perform a service with
the required accuracy. We suggest that this criterion must
be involved in tracking system giving, hence, the capability
of choosing the best conﬁgurations of anchor nodes and
observables. Thus, the system may enhance the performed
services, reduce the cost of implementation, and preserve the
ressources.
VI. CONCLUSION
In this paper, we proposed an hybrid RSS/ToA localization
scheme based on two steps: First step consists in estimating
ranges from RSS assuming a path loss log-normal shadow-
ing model and from ToA based on two way and one way
ranging techniques. Second step consists in estimating the
position using these previously estimated ranges. In the ﬁrst
step, we proposed a new estimator of ranges and associ-
ated variances from RSS observables. We believe that this
technique enhances the accuracy of RSS-based ranging and
consequently the positioning accuracy. In the second step, we
proposed a new ML estimator able to merge smartly different
ranges while considering associated variances. This estimator
performs better than typical weighted least square estimator.
The effect of additional ToAs on the performances is studied
using positioning error and Cramer Rao Lower Bound. We
believe that the number and the position of anchor nodes
implied in ToA-based ranges must be smartly choosen in
order to perform the requested positioning accuracy. Next step
will be to evaluate performance in more realistic scenarios
and especially by using more realistic path loss model with
adequate parameters.
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